A novel online adaptive state of charge (SOC) estimation method is proposed, aiming to characterize the capacity state of all the connected cells in lithium-ion battery (LIB) packs. This method is realized using the extended Kalman filter (EKF) combined with Ampere-hour (Ah) integration and open circuit voltage (OCV) methods, in which the time-scale implementation is designed to reduce the computational cost and accommodate uncertain or time-varying parameters. The working principle of power LIBs and their basic characteristics are analysed by using the combined equivalent circuit model (ECM), which takes the discharging current rates and temperature as the core impacts, to realize the estimation. The original estimation value is initialized by using the Ah integral method, and then corrected by measuring the cell voltage to obtain the optimal estimation effect. Experiments under dynamic current conditions are performed to verify the accuracy and the real-time performance of this proposed method, the analysed result of which indicates that its good performance is in line with the estimation accuracy and real-time requirement of high-power LIB packs. The proposed multimodel SOC estimation method may be used in the real-time monitoring of the high-power LIB pack dynamic applications for working state measurement and control.
Introduction
In recent years, lithium-ion battery (LIB) packs have attracted particular attention in power supply applications for their high power density, high energy density, low self-discharge rate, long cycle life and longevity advantages, and have gained in popularity as the energy source for many applications, ranging from portable equipment, electric vehicles (EVs) and renewable energy systems to airborne equipment and other applications. LIB packs are used in the discharging and charging maintenance (DCM) processes in order to supply energy reliably, in which the battery cell voltage, total voltage, temperature and other parameters should be detected in real time to prolong the service life and cycling number of the LIB packs. In recent years, with continuous improvement in the science and technology of materials, production technology and other aspects, the performance of LIB packs continues to improve with reduced cost and it has gradually become the most promising rechargeable battery. LIB packs, because of their lightweight, high energy density, high rate discharge performance, no pollution to the environment and other advantages, have started to be used in hybrid electric buses, EVs, underwater weapons, water navigation, aerospace and other fields. However, the safety of high-power LIB packs is still the most concerning problem. Improper LIB energy management will directly affect its energy supply efficiency and useful life, in which severe cases may also lead to security incidents. Therefore, the state of charge (SOC) estimation for an LIB pack in its entire life cycle is necessary, through which the remaining useful energy of an LIB pack may be known in real time. According to the working status monitoring of the LIB pack in its DCM process, the overall performance of the LIB pack may be given an accurate evaluation.
Due to the high power and energy requirements, a LIB is usually used in series and parallel conditions with mounts of battery cells. Battery security protection is becoming the main challenge because of of accidents caused by uncontrolled working states of the LIB packs. Industrial applications of the LIB packs usually require well-designed management systems to protect safety and make them show good working performance, and monitor the running status in real time and control its power supply process. The associated battery management system (BMS) equipment is usually used to facilitate the safety and efficiency of the LIB packs and the SOC value is an important aspect, the inaccurate estimation of which will make the BMS equipment hardly provide sufficient energy management and affect the safety of the battery power supply system Su, 2016; Tabuchi, 2016; Yang, 2016; Yu, 2016; Zhu, 2016) . To safeguard the safety and working performance of an LIB pack, reliable and accurate SOC estimation is required in the associated BMS equipment of the LIB pack. The dynamic models derived either from equivalent circuits or electrochemical principles facilitate the assimilation of the battery data and lead to an SOC estimation value with bounded errors.
Many methods may used to estimate the SOC value for LIBs, such as the Ampere-hour (Ah) integration and open circuit voltage (OCV) methods, which are studied by Arbabzadeh et al.(2016) , Burgos-Mellado et al.(2016) and Gallien et al.(2015) . Dynamic and closed-loop model-based methods such as the extended Kalman filter (EKF), neural network (NN), fuzzy logic and equivalent circuit model (ECM) have been extensively used in SOC estimation (Beattie, 2016; Dong, 2016; Masoumnezhad, 2015; Ganesan, 2016; Mohammad,2016; Tenfen,2016) . Several solutions to this issue have been reported in recent years and each has its relative merits. In particular, the SOC estimation tests of LIBs have been widely studied using the Kalman filter (KF) methods, which have been remarkable in this aspect. Aung et al. (2015) proposed a square-root spherical unscented Kalman filter (UKF) method for the SOC estimation for the LIB used in a nano-satellite. The SOC estimation methods based on the flexible transformation of the KF algorithm are widely used and have made significant achievements in different applications, such as classical linear KF, EKF, UKF and iterated EKF, and so on. A relatively complete battery model is the prerequisite of the SOC estimation realization, along with the dynamic modelling and parameter identification. However, it is difficult to obtain an accurate online model because it is subject to the changes of time and working conditions Fabri, 2015; Fridholm, 2016; Ge, 2016; Mohammad, 2016) . Furthermore, the internal resistance (IR) value of the LIB will increase along with time, and the capacity diminishes as a result of the degradation. Because the battery cell may differ from one cell to another, this makes parameter identification of each cell is rather cumbersome; thus it is desirable to use the adaptive models, in which the parameter identification and SOC estimation process is just merged into a single one-model construction. The symbols used in the paper are described in Table 1. A real-time joint estimator is constructed by Gao et al. (2015) for the model parameters and the SOC determination of LIBs in EVs. A novel Gaussian model based on battery state estimation approach was proposed by He et al. (2015) and named SOE. Two-time-scaled battery model identification was studied by Hu et al. (2015) with application to battery state estimation. Capacity fade estimation was done by Hussein (2015) for LIBs in EVs using the artificial neural network (ANN) algorithm. Fading KF-based real-time SOC estimation was conducted by Lim et al. (2016) in LIB-powered EVs. An LIB pack capacity estimation approach was proposed by Wang LM et al. (2015) , considering in-parallel cell safety in EVs. On-board SOH estimation was conducted by Wang SL et al. (2015) at a wide ambient temperature range in LIBs. Probability-based remaining capacity estimation was conducted by Wang QS et al. (2016) using data-driven and NN models.
Mounts of LIB cells are used as series or parallel in the power LIB pack, which is aiming to meet the high energy and voltage requirements of the power supply systems. Due to the restrictions of material defects, contamination and production technology tolerances, there are dynamic and aging characteristic differences among the connected LIB cells (Burow, 2016; Ciez, 2016; Elsayed, 2016; Jaguemont, 2016; Jia, 2015) . The information parameters of working conditions, temperature distributions, IR difference and historical state also influence the SOC value of the LIB packs. The SOC value of each individual cell should be also estimated by the associated BMS equipment for reliable and accurate power supply management. An effective solution is that the adaptive SOC estimator should be designed to calculate the SOC value of each single cell, considering the above parameters, and replicated for all connected cells in the LIB pack, which will obviously incur a high computational cost and is not suitable for online implementation in an embedded system. A novel LIB balancing strategy was proposed by Shang et al. (2014) based on a global best-first and integrated imbalance calculation. Adaptive non-linear model-based fault diagnosis was conducted by Sidhu et al. (2015) for LIBs. The optimization method was proposed by Song et al. (2015) for a hybrid energy storage system in EVs using a dynamic programming approach. The online dynamic equalization adjustment method was studied by Wang SL et al. (2016) for high-power LIB packs based on the SOB estimation. The controllability is evaluated by Zhai et al. (2014) for a class of switching control systems and application to the kinetic battery model.
Mounts of SOC estimation methods have been proposed, each method of which has its own advantages and limitations. Generally, these methods may be mainly classified into two kinds: direct measurement-based estimation and model-based estimation. The first method directly uses the measurements from the battery system to calculate the SOC, such as Ah and OCV-based methods. The Ah algorithm is easy to implement with low computational cost, but it suffers from low estimation accuracy due to the accumulative errors caused by the current sensor noise and it is difficult to obtain the initial SOC. Therefore, the OCV method is usually used to complement the Ah method to recalibrate the SOC and provide the initial SOC. However, a long rest time of the tested battery is required to reach the OCV, which is usually unrealistic for the actual applications. In the second kind of method, the battery model is utilized when estimating the battery SOC. One of the model-based methods for SOC estimation is based on the black box battery models, such as NNs, fuzzy logic and support vector machine, which may be quite accurate if sufficient experimental data is used to train the model. However, their performance greatly depends on the quantity and quality of the training data set, and a large amount of offline battery tests are necessary to obtain a good model, which may be very time-consuming. The optimum state filtering method is another kind of model-based method for battery SOC estimation. This method usually performs SOC estimation based on the ECM, such as EKF, sigma point KF, adaptive EKF, adaptive UKF and so on.
As the EKF suffers from the drawbacks of the Jacobian matrix derivation and linearization accuracy, the adaptive estimation model is developed by using the EKF algorithm, combined with the ECM, OCV and Ah integral methods. The method is validated experimentally by the measurement results of the LIBs with little computational requirement. Due to the rigorous requirements on real time and sampling synchronization, the battery maintenance and testing system (BMTS) based on RS485 and PCI is also designed for the implementation of this method. In order to realize the adaptive, high accuracy and easy implement SOC estimation, the combined model was proposed and realized, the estimation characteristics of which are analysed in this study. The proposed method has been validated with experimental results and benchmarked with an integrated circuit and the Coulomb counting methods. The results have been shown that the proposed method has a lower absolute mean, absolute minimum mean square error (MMSE) and root mean square error (RMSE) than the single OCV, Ah integration or EKF methods (Wijewardana, 2016; Tong, 2015; Schindler, 2016; Samadani, 2016; Raisemche, 2016) . The experimental results showed the clearness of the proposed method for reliable SOC estimation.
The rest of the paper is organized as follows. In the next section, we present a basic principle of EKF and its improvement for SOC estimation. Then we describe the model construction process, and the battery state and measurement equations based on the battery impact factor analysis. Its effective characteristics are validated by the simulation and experiment results shown. Finally, conclusions and future work ideas are discussed.
The associated model for the SOC estimation
Compared with other battery models, the ECM may show the relationship between the input current and the output voltage more intuitively, which benefits the identification of cell characterization and model parameters. Therefore, the battery ECM is built for SOC estimation, the establishment process of which contains two aspects of accuracy and complexity as the main factors. It is necessary to reflect the dynamic characteristics of the battery for the engineering applications.
Battery ECM structure construction
The battery charging and discharging maintenance process is performed, during which the terminal voltage response after the end of the charge and discharge is fitted by one, two and three orders. The higher the order of the ECM, the closer the data fits to the actual experiment data. However, the higher the order for the model, the higher the degree of model complexity. When the model is used for the SOC online estimations of the power supply LIB pack, a longer calculation time is needed, as a greater amount of calculation is used (Kim, 2016; Klein, 2016; Li Y, 2016; Lu, 2016; Panchal, 2016; Pramanik, 2016; Rahman, 2016) . The error of the secondorder fitting process is much smaller than the first-fitting process, but it is almost the same as the third-order fitting error. As a result, the second-order resistor-capacitor (RC) ECM is used for the SOC estimation, shown in Figure 1 , in which V OC indicates the OCV value of LIB, which has non-linear relationship with SOC; R 0 represents the resistance of active material, collectors, conductive tabs, the fluid collector and the contact resistance among them; R 1 and C 1 denote the diffusion layer resistance and capacitance, respectively; R 2 and C 2 are the resistors and capacitors of the close layer; I expresses the charging or discharging current, the value of which is negative when charged and positive when discharged; and V is the cell terminal voltage.
The ECM has one more RC circuit than the ECM used by Lee et al. (2015) and has better performance for the LIB characterization.
According to the second-order RC battery model shown in Figure 1 , the state-space model is obtained as shown in Equations (1) and (2). It is combined with the Ah integration method to realize the SOC estimation, in which the terminal voltages of V 1 and V 2 at the ends of the capacitors of C 1 and C 2 are used as the state variables. F is used to characterize the battery SOC. The charging or discharging current parameter I is used as the input variable and the battery terminal voltage parameter V is used as the output variable. 
The battery SOC is estimated by using the adaptive EKF method based on this space model. The parameters in the space model shown in Equations (1) and (2) are described as follows: Dt is the sampling interval, the value of which is initialized as Dt = 1 s. The sampling interval time parameter has no influence on the SOC estimation results in the simulation process, but it will affect the application of the BMS equipment in the power LIB pack. The large sampling interval value will increase in the cumulative estimation error, and the small sampling interval value will increase the computational burden of the processor. Considering the online SOC estimation demand, a value of 1 s is selected in the actual BMS application. In order to match this, a value of 1 s is also selected as the sampling interval time in the simulation process. V 1 (k), V 2 (k) and F(k) denote the kth sampling F value and the voltage across the capacitor of C 1 and C 2 ; V 1 (k + 1), V 2 (k + 1) and F(k + 1) denote the voltage and F value, respectively, at the k + 1 sampling time. h is the Coulomb efficiency and C N indicates the battery total capacity calculated by Ah integration method; V OC indicate the open-circuit voltage, which is a function of F. They have the same order as the ECM used by Perez et al. (2015) , and are integrated in the closed-loop algorithm and able to compensate for them to correct the SOC value.
Combined estimation based on EKF
In terms of the battery SOC estimation methods, many research approaches have previously been proposed. Due to the closed-loop estimation ability and strong inhibiting effect on noise, the KF-based SOC estimator has been widely studied. The KF algorithm was proposed by Kalman and its application range is only suitable for linear equations and linear systems. When it comes to non-linear recursive equations, it is necessary to use the linearization treatment to estimate the model parameters, such as the EKF, UKF, IEKF algorithms and so on.
EKF algorithm for estimation. The EKF algorithm is a statespace model that is based on the dynamic liner state equations and the linearization treatment of the non-linear characteristics of the OCV towards SOC. The structure of the EKF algorithm is shown in Figure 2 . The state-space model, including the state equation and the observation equation, is thus
where the first part of the function is the system state equation and the second part is the measurement function; k is the dispersive time interval; X k is the system state factor at time point k; Z k is the state measurement factor at time point k; U k is the control signal at time point k; W k is the input noise at time point k; and V k is the measurement noise at time point k, the parameter ranges of which are in the scope of W k ;(0, Q k ) and the range of V k ;(0, R k ). The recursive processing principle of the EKF algorithm is shown in Figure 3 , in which X k + 1jk indicates the prior estimation from the time point k state to the k + 1 time state, namely the prediction value. X k + 1jk + 1 indicates the posterior estimation from the time point k to the time point k + 1, namely the optimal estimation value. The estimation process obtains the mean and covariance of the output of a non-linear function using a small fixed number of function evaluations. Most battery state detection and control systems that we have encountered are non-linear systems. For example, the voltage output characteristics of the lithium iron phosphate battery show severe non-linearity. These systems cannot be analysed directly using the KF method, but need linearization treatments. However, the system state equation and system measurement equation of the LIB characteristics may be explored by using the Taylor series near the optimal estimation point. Then, the non-linear system may be translated into the linear system by dropping the high-order components, after treatment of which the experimental data may be handled by using the KF algorithm; this combined treatment at this time is named EKF. The linear process of the state equation and the measurement equation (observation equation) is analysed as follows. The state equation and measurement equation for the non-linear discrete state-space system may be simplified and expressed as shown:
where the functions of f(*) and g(*) are non-liner equations. The upper equation in Equation (4) is the state equation, in which x is the n-dimensional system state vector and v is an n-dimensional system noise vector at the time point k. The function f(x k ,u k ) is the non-linear state transition function. The lower equation in Equation (4) is the observation equation, in which y is the mdimensional system measurement vector and v is the m-dimensional system disturbance vector at time point k. The function g(x k ,u k ) is the non-linear measurement function. The above functions may be explored by using Tailor method at the prior estimation point x k + 1jk that is at the state x k + 1 . The high-order components of the treatment process may be ignored and the liner approximations of f(*) and g(*) may be obtained as shown:
The coefficients may be characterized by using the variables of M and H. Then, the liner state-space model may be obtained by lining from the non-liner system: M k and H k may be obtained by the above analysis, which may be used in the SOC state estimation and output voltage traction. The working state estimation characteristics may be gained from the above analysis, in which the advantages of this EKF-based SOC estimation method are shown as follows.
1) The recursive algorithm used in this method is quite suitable for the software programming, and it does not need to store a large amount of measured data, bringing out a very good real-time response performance. 2) The linearization treatment process may ameliorate the estimation error due to the measurement error of current, voltage, temperature, etc.
3) The state-space equation and the observation equation may ameliorate the measurement error caused by electromagnetic interference. 4) The effect of voltage rebound may be overcome by using updating process, which is suitable for the braking energy and the downhill potential energy recovery.
The state estimation at any time of the application process for the LIB has a good effect. 5) The requirement of the initial state value is not high in the estimation process and the prediction may be tracked quickly in the real-time estimation process, which overcomes the shortcomings of other methods in the state estimation.
The function E(x) indicates the expectation of the factor x and the function Var(x) is its variance. x kjk is the measurement update of x; x kjk 2 1 is the time update of x from the time point k 2 1 to the time point k. P kjk indicates the measurement error covariance update at time point k; P kjk 2 1 is the time update of the error covariance from the time point k 2 1 to the time point k; Q k is used as the system noise covariance matrix; R k is used for the observation noise covariance matrix; and I is the identity matrix. The recursive filtering process of the system is shown as follows.
1) The initial condition of the filter equation is:
2) The update status of the estimation time is:
3) The time update of the error covariance is:
4) The update process of Kalman gain matrix is:
5) The measurement update of the estimation state is:
6) The measurement update of the error covariance is:
As seen from the recursive process of the EKF algorithm, the evaluation value of the system state is obtained by the addition of two parts, as shown in Equation (11). The first part is the time update of the estimation state, which indicates the present state estimation value that is obtained and updated by considering the last time moment system state and the latest input parameters. The second part is the detection amendment of the estimation state, which may revise the system state value by calculating the system error of the observation parameter and its estimation value, considering the Kalman gain parameter K k .
Combined model of OCV and ECM. When the observed function is very accurate, the reserve amend value of the EKF filtering process may reduce the time update error, which makes the state estimation value quite close to the reference value. However, when the observe function is not accurate, the detection amendment may be not correct, which might even make the error between the detection update value of the estimation state and the reference value larger than the error between the time update value and the reference value.
A major drawback in the use of LIB arises from the strongly non-linear dependence and in wide ranges the flat characteristics of the battery OCV and the SOC. In addition, the hysteresis phenomenon has a distinct influence on the OCV. Then, the relationship of the battery OCV and SOC as well as the lack of dynamic models for LIBs hampers the determination of the SOC using state estimation techniques, resulting in high computational efforts to achieve an acceptable level of accuracy. Hence, it is desirable to measure a different physical parameter that varies more readily as a function of the SOC. To deal with the battery non-linear characteristics, the combined estimation method was proposed to build the battery SOC estimator.
The dynamic Kalman gain amend coefficient factor C is introduced into the estimation, which is multiplied by the Kalman gain matrix K. As a result, the weights of the time update of the estimation state and the detection amend value are determined. According to this process, the estimation value of SOC mainly depends on the time update process. However, when the observation function has high accuracy, the weight of the detection amend value may initially be a much larger value, which makes the estimation value of SOC mainly depend on the observed update process and obtains a higher convergence rate of the estimation value close to the reference value.
The combined ECM battery model is built and applied in the estimation process, which may make the state vector x of the EKF model only have a single estimation parameter, according to which the complex degree may be reduced effectively. The combined observation function is used to express the battery characteristics:
where V is the battery terminal voltage; R is the battery IR and I is the current through it. K 0 ;K 4 indicate the constant coefficient parameters. Ultimately, the SOC estimation model based on the EKF algorithm is constructed as shown:
where h 1 is the Coulomb efficiency; h 2 is the revised coefficient of the battery terminal voltage; and Q indicates the calibrated battery capacity.
Real-time SOC estimation

Estimation process
The SOC, which acts in the similar role as the meter for the internal combustion engine system, is the most important factor for batteries that should be estimated accurately. In this paper, the initial value of the input parameters and the measurement current error may be corrected by using the proposed combined adaptive SOC estimation method, considering the parameters of temperature, charging current rate, discharging current rate, aging and so on. The estimation value is gradually close to the actual value detected by using the standard instrument and Ah integral method, reducing the accumulation error over time in the SOC estimation process. The EKF method has performed well in the battery working state estimation, assuming the detection process noise is Gaussian white noise. However, the statistical and adaptive characteristics of the process noise are unknown when doing the actual BMS data acquisition in the working state monitoring process. The associated adaptive EKF method is introduced here, based on the EKF algorithm together with the Ah integral method and the OCV method. In the proposed estimation process, the state variables are estimated dynamically by using the measured data. Meanwhile, the statistical properties of noise are constantly estimated and revised. As a result, it may estimate the SOC value over time accurately for the LIB pack. According to Equations (1) and (2), the battery SOC estimation model may be obtained as shown in Equation (15). The state variables and output variables are represented by x and y, which are made by the appropriate variable matrix substitutions.
where G is the interference matrix; w k is the process noise, the mean value of which is represented by q k and the covariance of which is characterized by Q k . v k is the measurement noise, and its mean value is characterized by r k and its covariance value is characterized by R k . Q k , q k , R k and r k are unknown, which are forecasted and estimated by using the EKF method. An adaptive EKF method for the SOC estimation is shown in Equations (16)- (20).
1) The initial estimation state factor x 0 e and its error covariance P 0 are set as the initial value obtained by using the mean and variance operation, respectively, which are described as:
2) The time point k status and its error covariance matrix could be updated by using the k 2 1 time point status and error covariance matrix together with the time point k input matrix, the process of which is:
3) The Kalman gain matrix L k may be determined by Equation (18), which should be used in the later time point k compound operation.
4) The state equation and the observation equation should be used in the time point k state updating process, considering the estimation value and the measurement value at time point k. The status and state covariance matrix at time point k should be updated by using the time point k output error:
5) The mean and covariance value of the process noise together with the measurement noise should be updated according to:
There are some parameters should be explained in the formula above. G is initiated as G = diag(0.001 0.001 0.001); b is the forgetting factor and its range is 0 \ b \ 1, which is set as b = 0.98 in this work. In order to improve the efficiency of program execution and shorten the execution time, the forgetting factor b is used to describe the aging characteristics of the power LIB in the paper, which has influence on the Coulomb efficiency calculation. The small value of the forgetting factor illustrates that the LIB has been used for a considerable time, which will make the remaining capacity low. Meanwhile, the large value of the forgetting factor illustrates that the LIB has been used for a short time, which will make the remaining capacity high. G is set as
). Thus, the state variable SOC may be constantly corrected by the online real-time estimation for q k , r k , Q k and R k , which improves the estimation accuracy correspondingly. As known from the SOC estimation process that is based on the improved EKF method, the combined adaptive SOC estimation method may perform the prediction and amendment during all the iterations, aiming to make the optimal estimation state value closer to the actual value and may realize the error correction effectively.
The overall structure of the estimation model is shown in Figure 4 , in which the prediction and the update stage of the estimation process is signed and characterized by the red and blue rectangle. The battery model parameters are initially indicated using the input vector, which is marked with an oval. The input real-time data series including the current and temperature are started, and are handled by using the Coulombic efficiency process marked with the hexagon. This is gaining popularity in estimator design, as it achieves good simulation accuracy and is physically justifiable in providing limited insights into the electrochemical reactions to some extent, which has good performance in the working state estimation for the LIB pack.
Impact factor selection
As known from the LIB characteristic analysis, the battery capacity is mainly affected by charging current rate, discharging current rate, temperature, self-discharge and aging. From the self-correcting nature of the EKF algorithm, the battery self-discharge effect is not considered in the estimation process. Meanwhile, as the effects of battery aging may take quite a long time before they have any influence on the battery SOC estimation process, the effects of aging are not considered in the proposed method.
Charging and discharging current rate. The battery capacity is affected by the charging current rate and the discharging current rate enormously. When the maintenance current rate increases, the discharging electricity of the battery will be reduced. h i is defined to express the current influence coefficient of the battery capacity, and therefore the actual capacity of the battery after the charging-discharging current rate correction is shown as: where Q i indicates the actual capacity of the battery for the discharging current i, and Q n indicates the battery standard capacity. The different discharging rate experiments are done for the lithium iron phosphate battery cell at the room temperature (25°C), and the actual discharging capacity is calculated, in which the experimental data is obtained. The cftool toolbox in MATLAB is used to gain the curve of actual battery capacity and charging-discharging current rate. The second-order polynomial fitting factor of the battery actual capacity may be obtained by continuing to use the cftool toolbox as in:
where i indicates the discharging current and the realization of the influence parameter characterization is shown in Figure 5 , which is indicated by the red rectangle. Its computational cost may be reduced by simply the model complexity with the benefit of physical insight, and has the best trade-off between the estimation accuracy and computational efficiency.
Temperature correction. The temperature influence on the battery capacity is also quite significant. When the temperature is low, the battery capacity will be reduced accordingly. h T is defined as the temperature influence coefficient of the battery capacity, and the actual battery capacity after temperature correction is:
where Q T indicates the actual discharge capacity of the battery at time point T. In the condition of SOC = 1, the discharging capacity of LIB in the condition of standard charging-discharging current rate C/30 is obtained at various temperatures. The temperature influence coefficient of the fourth-order polynomial fitting for the actual battery capacity is:
where T indicates the actual working temperature of the battery, the unit of which is degree Celsius (°C). The influence function is realized in the impact factor influence sub-model, which is shown in Figure 5 , the realization process of which is characterized by using the blue rectangle. Therefore, considering the effect of charging-discharging current rate and temperature, the actual battery capacity may be obtained by using the function Q = h i h T Q n and the total Coulomb efficiency may be characterized by using the function h = h i h T .
State-space model of the battery
As seen from the EKF algorithm analysis, the non-linear filtering problem of the discrete data may be solved recursively based on a series of mathematical formulas, which are able to estimate the process state by minimizing the state error covariance in the estimation process. In the estimation process, only the latest SOC value and its error covariance need to be known to obtain the current time state and its error covariance. There is no need to store large amounts of historical data, which makes the real-time characterization and estimation even better. Furthermore, concluding from the principle analysis, the EKF-based estimation algorithm has a selfcorrecting nature, which makes the filtering process exhibit no accumulated error, and therefore it has high accuracy. Thus, the proposed composite estimation algorithm is suitable for the SOC estimation of LIB.
Battery state equation. As seen from the standard non-linear state equation (shown in Equation 5
), the state equation describes the state change law between two adjacent time points of the dynamic system. As the Ah integration method provides such a variety law, the battery state equation may be linearized by using the Ah integral method and the battery state equation not considering the process noise may be described as:
As seen from the above equation, by introducing the Columbic efficiency parameter h and the interval time parameter Dt together with the rated capacity parameter Q n , the SOC state value may be updated by using the current at time point k + 1 and the SOC state value at time point k. The state equation may be realized in the prediction sub-model of the estimation system shown in Figure 6 , in which the blue box marked part is designed according to Equation (25). The relationship of the parameters in the yellow oval marked part may be expressed as: Fcn = uð1Þ Ã uð2Þ Ã uð4Þ=uð3Þ ð 26Þ
As seen in the Figure 6 and compared with Equation (25), the parameters in Equation (26) have a direct corresponding relationship with the parameters in Equation (25), which may be described as:
The state equation may be obtained accordingly by considering the process noise v, which may be described as: where x k is the SOC value at the time point k; Dt is the discrete time interval; i k is the discrete current; h is the Coulomb efficiency, which was described detail previously; and v k is the normal white noise with zero mean, the variance value of which may be expressed by using Q n .
Battery measurement equation. The measurement equation
describes the state of the observing signals. As seen from the OCV-based estimation method, the battery SOC value is relevant to its voltage value. As a result, the SOC observation may be realized by using this method. Many scholars have studied the electrochemical battery operated model to describe the battery output voltage. In order to improve the accuracy of the model, the model combined by Shepherd, Urmewehr universal and Nernst equations was proposed, the composition equation of which is shown in Equation (13), in which y k is the battery terminal voltage; E 0 is the battery electromotive force when the initial battery SOC value is 1; and R is the IR, the value of which will change accordingly when the battery is in the discharging or charging working conditions.
The OCV is difficult to obtain, as it cannot be measured directly when the battery is in the charging or discharging process, so y k is used instead of using the OCV approximately. At the same time, as the calculation amount of the composition model is quite small and the arithmetic operation is very simple, it is convenient to implement in the SCM. The combination model is used in the battery measurement equation. The measurement equation considering the measurement noise is shown in the second part of Equation (14), where v k is the normal white noise with zero mean and its variance is characterized by using R k , which is independent with the process noise. K 1 , K 2 , K 3 and K 4 are used as the model constant variable parameters. The column vector Y is set as Y = [y 1 , y 2 , ., y n ] T and the matrix H is set as H = [h 1 , h 2 ,
., h n ] T , the elements of which are initiated according to one order vector h j = [1, i j , 1/x j , x j , ln(x j ), ln(1 2 x j )] Y. The measurement equation may be realized in the 'MeasEq' sub-model of the estimation system, which is shown in Figure 7 , in which the red box marked part is designed according to the second part of Equation (14).
One way is to record the latest memorable battery state value immediately when the battery stops working, which may be used as the initial SOC value for the next estimation process. This approach is relatively simple, but there is a downside. Even if it is not running, but as the sole energy provider, it is still used for the weak powered part of the power supply system, such as LED lights and communication networks that are still in working condition, which will make the initial value error for each estimation process be increased. Even this small current may be detected and used in estimating the new SOC value, and the battery self-discharge current is too small to be detected. As a result, the reducing SOC value caused by the self-discharge cannot be estimated by using this method. Then the error of the SOC initial value will be significant after a long period of non-use.
The main function part not considering the noise as seen in Equation (13) is shown in the blue ellipse marked part of the Figure and expressed by using the function 'Fcn1' that is shown in Equation (29), in which the relationship of the parameters may be expressed. Fcn1 = uð2ÞÀuð3Þ Ã uð4ÞÀuð5Þ=uð1ÞÀuð6Þ Ã uð1Þ + uð7Þ Ã log ðuð1ÞÞ + uð8Þ Ã logð1Àuð1ÞÞ ð29Þ
As seen in the Figure and compared with Equation (28), the parameters in Equation (29) have a direct corresponding relationship with the parameters in Equation (13), which may be described thus: uð1Þ ! x k uð2Þ ! E 0 uð3Þ ! R uð4Þ ! i k uð5Þ ! K 1 uð6Þ ! K 2 uð7Þ ! K 3 uð8Þ ! K 4 ð30Þ
The combined parameter values, which are characterized by using the vector parameter u, may be obtained as shown in Equation (31). The OCV-SOC curves are obtained by performing the HPPC experiments, and then the discharging efficiency is measured under different temperatures and different discharging current rates. The state-space equation is set and used in the parameter input module for the SOC estimation process of the power LIB pack, the parameters of which are realized by the polynomial curve fitting method of the OCV-SOC data sequence. 
Implementation of the SOC estimation
Initial estimation parameters
The parameter initial values may be obtained by comparing the state-space model of the SOC estimation to the standard model of the EKF algorithm, which are described as:
As the EKF algorithm has self-correction characteristics, the SOC estimation has a low dependence on the initial values, which may be set arbitrarily. However, if the initial SOC value deviates from the true value largely, it will lead to the computation time increase for the SOC estimation process compared with the initial value that at the vicinity of the actual value. For example, if the SOC value has not converged to the actual value, it is easy to cause battery over-discharge. As a result, when the battery SOC value is very small and has reached the low SOC warning value, it may cause the detriment of the battery life, leading to serious accidents. It is significant to make the initial SOC value close to the actual value and there are generally two approaches for obtaining the initial SOC value. Another method is to correct the SOC value of the battery by using the OCV-SOC curve when the battery stops working, which is a more accurate way of determining the initial value of SOC. Meanwhile, it needs quite a long time to be shelved to cause the lithium ions to be in a stable state, by which the accurate initial SOC may be obtained and used in the next estimation stage. For determining the initial value of the error variance parameter P 0j0 of SOC, there are a large number of experiments performed and the experimental results are analysed, the analysis result of which shows that its value is not critical and any P 0j0 6 ¼0 may cause convergence of the estimation process. For the condition P 0j0 = 0, if the SOC initial value also equals 0, it may cause the filter not to converge, resulting in SOC always being equal to 0. However, in the real application of the LIBs, the system will prompt the charge signal when the SOC value falls below a certain value, such as 10% and so on. In particular, if the voltage is lower than the discharging cut-off voltage (3.0 V or so), it will disconnect the battery power supply circuit loop to stop the discharging process, so this extreme condition will not occur in the actual power supply applications. The proposed framework is implemented on the LIB successfully with simulation and testing experiments.
Coefficient and its adjustment
The filter coefficients mean of the measurement is characterized by R k and the process noise variance is expressed by Q k , the values of which will affect largely to the SOC estimation effect. R k may be obtained by using the off-line battery voltage detection and the analysis of the measurement equipments, but the core parameter SOC is difficult to obtain. The reason is that we cannot obtain the battery SOC value directly by using the measurement equipment and as a result we cannot obtain its error variance value. However, we may obtain the Q k value that may reflect the process error variance effectively by comparing with R k or using other passions. If the values for R k and Q k are not adequate, we may also adjust them by comparing with other estimation methods, aiming to improve better accuracy of the SOC estimation.
The SOC estimation model is constructed and realized with an emphasis on the estimation fusion strategy. Firstly, the input signal is produced and given as the input of the basic measurement model that is based on the ECM, as shown in Equations (3) and (4). Then, the Coulombic efficiency is calculated by using the equations described previously, which is also taking the current and temperature as input parameters, and its output value is used in the measurement sub-model and KF estimation sub-model. The state equation and measurement equation that were shown earlier are used in both measurement sub-model and the KF estimation sub-model. As a result, E 0 , R, K 1 , K 2 , K 3 and K 4 are initiated and used according to Equation (32). At last, the estimation process is realized by using the following two sub-models step by step.
The measurement sub-model is constructed according to Equations (25) and (31), which are the state and measurement equations, the sub-model of which is shown in Figure 4 . As the measurement sub-model is based on the general state and measurement equations, it may reflect the battery characteristics of the discharging working conditions. However, although it has very high accuracy, it also has low adaptive performance because it is based on the Ah and OCV methods. As a result, it is used as a correct part to make the EKF estimation sub-model more accurate. The EKF estimation sub-model is realized according to the estimation process described previously. The SOC estimation error covariance is also provided and used step by step in the estimation process.
Experimental analysis
The model core performance for the input parameter, estimation effect, coefficient effect and the battery model parameter vector is analysed in this section, the results of which are compared with the existing SOC estimation methods.
Model input parameters
The BMTS has been designed and realized for the aerial LIB pack experiments, as shown in Figure 8 . There is one industrial personal computer (IPC) used to realize the control strategies and the human-machine interface (HMI) is used as the monitoring interface. The keyboard and mouse are used to input the parameters and allow human control. There are 14 digital power supplies used for the balancing charging together with two large power supplies from Taiwan. The two electronic loads are used to practise the discharging. The protect unit is designed and used for real-time protection in the DCM process.
The protection unit is designed and used in the BMTS, which is shown in Figure 9 .
The performance parameters of the LIB cell sample used in this paper are described as follows. The rated voltage is 3.7 V and the rated capacity is 45 Ah. The resistance is less than 3 mO and the discharge cut-off voltage is 2.8 V. The charging cut-off voltage is 4.15 V and the nominal discharging current is 45 A, which is also named as 1 C. The battery adaptive SOC estimation process uses the current, temperature and voltage as input parameters. The battery working current uses the normal signal with the mathematical expectation value of 7 and the variance value of 1, which is used to make the substation electrician current situation analogue. The experimental results for its performance characteristics are obtained and shown in Figure 10 .
The capacity degradation is also studied by Landi et al. (2015, Figure 2) and Zheng et al. (2015, Figure 6) , the results of which have the same varying regulation, and wider capacity and current rates are studied here to gain a comprehensive performance test. It has the same change regulation with the experimental results obtained by Corno and Bhatt (2015, Figure 6 ), which also proves its accuracy. Generally, the battery parameters are changing slowly. Thus, the update rate of LIB battery parameters, including their identification algorithm, needs not be too fast. Two forms of battery parameter identification are performed in our experiments, in which the identification algorithm runs every 300 s or only once.
Accordingly, the battery parameters are updated every 300 s or only once. The regression algorithm is used to identify the battery parameters. Its amount of computations is moderately large, and it is difficult to obtain battery parameter in each run. Fortunately, considering the slow rate of change of the battery parameters, the real-time requirements of the parameter identification algorithm are not very high, so battery parameters are not updated in each run but only a few times in our experiments. The voltage characteristic in the cycling maintenance process is shown in Figure 11 , which has the same varying regulation as the charge and discharge experimental results obtained by Li D et al. (2015, Figure 5 ) and Liu et al. (2016, Figure 2) . The battery voltage graph shows tendency to flatten between 3.8 and 4.1 V during the charging stage and between 4.0 and 3.7 V during the discharging stage, the results of which may also been obtained by Monem et al. (2015, Figure 2) .
Similarly, the battery temperature uses the normal signal simulation with mathematical expectation of 35 and variance of 1, which indicates that the battery temperature is about 35°C and is in line with the normal distribution. The battery voltage is measured to obtain the initial SOC estimation value. As the cell voltage output of LIB is very stable, it may be measured by using accurate measuring equipment. The output voltage in the measurement equation is used to approximate the voltage measurement and a zero mean Gaussian measurement noise with the variance value of 0.00005 is then considered to obtain the discharging voltage curve.
Estimation effectiveness analysis
Considering the online SOC estimation demand by using the associated BMS equipment of the power LIB pack, the values of the measurement noise variance and the process noise variance are initiated. In order to match it, the values are also selected in simulation process. However, when doing the realtime SOC estimation process, the noise may vary along with the working time and the different values are studied in the experiments. The measurement noise variance may be set as R k = 2.5 and process noise variance set as Q k = 2. The initial error variance may be set as P 0j0 = 10.
1) The estimation effect with large SOC initial value is analysed. When the SOC actual initial value is set as 0.8 and the initial SOC value of the filter is set as 1, the SOC estimation curve may be obtained as shown in the first part of Figure 8 . The difference between the SOC estimation value and the actual SOC value of the LIB is about 0.2. However, the SOC value may converge to the actual value from the initial estimate value 1 quickly in the estimation process, fully reflecting the EKF self-tuning capabilities. Its absolute error curve may be obtained as shown in the second part of Figure 12 .
As seen from Figure 10 , the EKF has strong error correction capability for the SOC estimation process when the SOC initial value is large, the varying formula of which is similar with the experimental results obtained by Hua et al. (2015, Figure 6 ). The SOC estimation error becomes increasingly smaller along with the time spread, and its maximum absolute error is only 4.17% after the convergence, which also reflects its self-correcting capability and anti-jamming capability. Compared with the experimental results (absolute error 4.96%) obtained by Aung et al. (2016) , it has much higher accuracy. However, in the early SOC estimation process, there is a certain amplitude jitter, which is due to the error between the SOC initial value, the actual value and the cell voltage measurement error. The easiest improvement in practice is that the SOC initial value of the cells may be set as statutory correction using the storied history information and the OCV. Then, the SOC initial value and the actual value may initially be very close, so that the initial SOC estimation value will converge faster and the error will be smaller, which makes the estimation effect more outstanding. If the cell voltage measurement equipment with higher accuracy may be used, it will further reflect the correction role of EKF and greatly enhance the SOC estimation, which makes the convergence speed higher and reduces jitter in the initial SOC estimation. However, as we know, the relative change between the OCV and SOC is very small in the LIB charging and discharging platform. As a result, it is very difficult to improve the voltage measurement accuracy, which will also increase the hardware cost. It is necessary to do the trade-offs according to the SOC estimation accuracy. The other ways should be considered first in practice to improve the filter performance and SOC estimation effects. 2) The estimation effect with small SOC initial value is analysed. The actual SOC initial value is set as 0.4 and the initial SOC estimation value is set as 0.3. The estimation effect for the SOC estimation may be obtained as shown in the first part of Figure 13 and its absolute error may be obtained as shown in the second part of the figure, which has the same regulation studied by Xian et al (2014, figure 6 ).
When the filter SOC initial value is small and closer to the actual SOC value, the EKF convergence speed is very fast, as seen in Figure 9 . In this case, the SOC estimation has high estimate accuracy and the maximum absolute error is only 1.83%, which has higher accuracy compared with the experimental results obtained by Hua et al. (2015, figures 7 and 16) . Although the SOC estimation curve still shows some jitter sometimes, the error is very small and the impact is not great. As in the above analysis, the actual initial value will be corrected so that jitter is negligible. As seen from the simulation analysis, the lower the actual initial SOC value, the smaller the absolute estimation error and the better the estimation result. As seen from the analysis of simulation results, the combined adaptive battery SOC estimation method may realize the power battery SOC estimation with higher accuracy and timeliness. As seen by doing careful analysis, it is suitable for the state estimation of non-linear systems and has good estimation results. As the KF obtains an optimal value itself based on the minimum variance, the EKF used for the non-linear system just obtains a suboptimal estimation value. Therefore, the estimation accuracy is determined by the state-space model of the system. Generally, the state equation that describes the state changes may be obtained easily, but the measurement equation for the state correction of the prior estimation is not easy to obtain. If the measurement equation is non-linear and the system linearization error is too large, it will lead to the reduction of the estimation accuracy, or even make the filter unable to work. As a result, for the battery system, the most important thing for the estimation process is to establish an accurate estimation practical battery dynamic model to obtain a more accurate measurement equation, thereby improving the SOC estimation results. As the EKF itself has the chattering phenomena, the solution is to develop different SOC estimation methods for different battery charging and discharging phase of the battery OCV-SOC curve. The cycle revolution of the combined adaptive estimation algorithm is 5 s, the first 4 s of which is used for the Ah calculation and the last 1 s is used for EKF correction, aiming to eliminate the accumulated error generation in the Ah integration process. The integration method not only decreases the estimation jitter but also reduces the computational load effectively. 
Coefficient effect to the estimation
The estimation effect is obtained when the initial value is 0.8, the SOC initial value is 1, R k = 2.5 and Q k = 2, shown earlier. The following estimation effect analysis is done for the process noise variance increased by 10 times and reduced by 10 times.
When the variance parameter Q k is set as 20, the estimation effect is obtained and shown in the first part of Figure  14 . As seen from Figure 14 , when the process noise variance is increased 10 times, it will result in the error variance increase of the SOC estimation together with the estimation absolute error increase. The estimation results obtained by Wang YZ et al. (2015, Figure 1 ) have the same varying regulation. There is a substantial jitter curve in the initial SOC estimation process at this time, in which the absolute maximum error convergence reaches 8.72%, but the filter converges to the theoretical value much faster. At this time, this is equivalent to reducing the measurement noise and the filter is more sensitive to the measurement voltage value, which leads to even faster convergence rate but makes the estimation jitter more serious. In addition, as seen from the Kalman gain calculation equation shown in Equation (27), the SOC estimation effect is the same whether the process noise variance is expanded 10 times or the measurement noise variance reduced 10 times.
When the variance parameter Q k is set as 0.2, the estimation effect is obtained and shown in the second part of Figure  14 . When the process noise variance is reduced 10 times, the SOC estimation error variance is reduced and the estimation absolute error is greatly reduced. At this time, the absolute maximum error is only 1.92% and the SOC estimation curve is very smooth, reflecting the characteristics of the estimation process with slow filtering convergence. The different initial SOC values, including 0.25, 0.4, 0.6, and 0.75 are analysed by Lee et al. (2015, Figure 13) , showing high accuracy and adaptive advantages. This is almost equivalent to the measurement noise variance being increased10 times, compared with the estimation process described above. As seen from the above analysis, if the accuracy of the battery model or the cell voltage measurement is not high, a larger measurement noise variance or smaller process noise variance should be set to reduce the sensitive level of the estimation process to the voltage measurement value, so that the filter may be made much smoother, but this also reduces the estimation convergence rate, reducing the correction performance. It also illustrates the importance of battery modelling and the higher precision cell voltage measurement, as we have to ensure the hardware costs within an appropriate range. Therefore, the process noise variance or measurement noise variance should be adjusted in the simulation model, aiming to obtain a satisfactory result with the convergence rate and SOC estimation accuracy.
Battery model parameter vector effect
The battery is a complex electrochemical system, and the parameters of the battery model inevitably change in longterm application, that is as the battery ages. Battery aging will lead to the decreases of the battery actual total capacity and an increase in resistance, and the other model parameters will change as well; model parameter identification also has a certain error. Therefore, it is necessary to analyse the impacts of model parameters to evaluate their effect on the SOC estimation process.
When the battery is aging, the total capacity Q n will be reduced, and the battery will be scrapped when the total battery capacity is reduced to 80% of the rated capacity, which may be seen in Figure 11 . Meanwhile, as seen from the battery capacity characteristics, the battery actual total capacity is different with the working environment. Here, the total battery capacity is set as 95% of the rated capacity and the remaining settings are same as the results shown previously. In different OCV-SOC experiments, the obtained experimental results are slightly different and the identification parameters of the SOC estimation model are slightly changed. In considering this change, the adaptability of the parameter variation in the SOC estimation process needs to be verified. The simulation experiments are done when the combined model parameters have little change compared with Equation (31) and the parameter vector values are shown as: 
The SOC estimation results are shown in Figure 15 . In this case, the estimation speed for the SOC convergence becomes slower, and there are substantial jitters in the initial SOC estimation process. The estimation absolute maximum error is 5.17% and the estimation effect changes violently. The performance degradation is up to 23.98% and the absolute maximum error is 4.17% in the correct parameter identification process.
As seen from the experimental results, the estimation effect is almost the same, and the maximum absolute error is 4.18%, which is just a small change compared with the maximum absolute error 4.17% of the rated capacity. It has similar regulation with the experimental results obtained by Hussein et al. (2016, Figures 4 and 5) and better astringency than the experimental results obtained by Olivares et al. (2013, Figure 6 ). Thus, the proposed SOC estimation method has good performance for the battery capacity decrease due to aging and incorrect identification of the battery total capacity.
When the battery is aging, the battery IR parameter R will increase, and the battery IR identification may not be correct. Here, the resistance increases only twofold, and the SOC simulation analysis result is that the maximum absolute error is 4.19%, which is little change compared with the maximum absolute error 4.17% in the correct parameter identification. As a result, the SOC estimation method has good performance when the resistance increases caused by aging resistance or its identification is not correct. When the identification for the OCV E 0 is incorrect and the OCV is set as 90% of the correct identification value, the SOC estimation maximum absolute error is 4.19% obtained by the simulation analysis, which is a small change compared with the maximum absolute error 4.17% by identifying the correct OCV value. As a result, the SOC estimation method still has a good estimate performance of the OCV when the battery fully charged and the identification is incorrect.
To sum up, the model estimation results change little when there is a slight parameter change in the proposed SOC estimation process of LIBs. Relative to the total battery capacity, IR, OCV of full charge, the combined model parameters K 1 , K 2 , K 3 and K 4 have greater effects on SOC estimation. As seen in the above experiment results, the combined SOC estimation model mainly based on EKF is quite effective, which is combined with the Ah and OCV methods. The measurement equation used in the estimation model is based on the composition equation of Shepherd model, Urmewehr universal model and Nernst model, which has good performance in the estimation process. The higher efficiency makes the proposed methodology more suitable for onboard estimation devices that require computationally efficient estimation techniques. Thus, it is of significant importance to extend the proposed framework from the cell level to the pack level in order to make it practically useful.
Conclusion
The SOC plays an essential role in many battery-powered applications and its adaptive estimation is of practical significance for the LIBs because of its time-varying performance and non-liner characteristics. In this paper, a high-power SOC adaptive estimation method was proposed, the main contents of which are shown as follows. The working properties of LIBs are analysed, including the cycle life characteristics, voltage characteristics and capacity characteristics. The comprehensive SOC estimation method was proposed and realized based on the battery core factors. The voltage characteristics of an LIB are highly non-linear and the SOC value is affected by the charging-discharging rate, temperature, aging, self-discharge and other factors. The main advantages of the proposed method are easy implementation, real-time performance and high accuracy. The establishment of the battery state-space model is constructed using discharging test data, the capacity influence coefficient, temperature coefficient and so on. The Ah method is used to obtain the state equation and the combination model to obtain the measurement equation. Then, the real-time correction of the total battery capacity is done to improve the estimation accuracy. The establishment of estimation model is done to analyse the SOC estimate effect, and the filter coefficients are given slight changes to evaluate the impact effect of the model parameters on the filtering performance. The experiment results show that this method has good SOC estimation results and the estimation process may be optimized by regulating the process noise variance, in which the model parameters varied slightly and have less impact on the filtering effect.
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